Abstract Drought has the potential to significantly decrease net primary production (NPP). However, the drought sensitivity of NPP remains unclear globally. Here we investigated the response of NPP to drought for the period 1982-2011 using NPP derived from satellite models, eight dynamic global vegetation models (DGVMs), and several drought indices. Our results indicate that the sign of drought response of NPP is consistent across satellites and DGVMs globally. Both the model and satellite data show a unimodal distribution of drought sensitivity across climatic gradients and indicate that semiarid regions are the most drought-sensitive areas. In addition, a decreasing drought trend was significantly correlated with an increasing trend in satellite-derived NPP or DGVM-derived NPP globally. However, the DGVM-derived NPP is more sensitive to drought than the satellite-derived NPP over most vegetated land areas and presents a stronger correlation with drought, higher drought sensitivity, and larger slopes between NPP and drought trends. The overresponse of the DGVM-derived NPP to drought relative to the satellite-derived NPP could be attributed to the higher drought sensitivity of the simulated leaf area index and overresponse of the DGVM-derived NPP to the vapor pressure deficit. Overall, large uncertainties remain in the response of NPP to drought and additional long-term observations are required to better represent NPP responses to water stress in DGVM models.
Introduction
Terrestrial net primary production (NPP) is the net carbon gain by vegetation, that is, the difference between gross primary production and autotrophic respiration, providing important ecosystem services of climate change mitigation. From a social perspective, NPP is a source of food, biofuel, and fiber worldwide and supports the survival of human beings (Haberl et al., 2007; Running, 2012; Smith et al., 2012) . Because of the importance of NPP for human well-being, considerable efforts have been made to estimate global terrestrial NPP and its changes using satellite observations and terrestrial ecosystem models (Field et al., 1998; Nemani et al., 2003; Sitch et al., 2008; Smith et al., 2016; Zhao & Running, 2010) . In the context of global change, it is essential to better understand and predict changes in NPP (Running, 2012) . assessments of food safety and bioenergy, a better understanding of both the occurrence of climate extremes themselves and their impacts on NPP needs to be achieved .
Water availability is the most limiting factor for vegetation growth globally (Nemani et al., 2003) . Water-related climate extremes, such as drought, are reported to have the strongest and most extensive effects on terrestrial NPP among all climate extremes (Frank et al., 2015; Zscheischler et al., 2013) . Terrestrial ecosystem models are widely used to quantify and project NPP responses to historical and future drought (Hoover & Rogers, 2016; Jiang et al., 2013; Reichstein et al., 2013) , but large uncertainties remain regarding the response of NPP to drought in models (AghaKouchak et al., 2015; Huang et al., 2016; Powell et al., 2013; Wang et al., 2012) . For example, Powell et al. (2013) found that five terrestrial biosphere models poorly simulated the carbon and water fluxes under imposed drought in the Amazon. Piao et al. (2013) also showed an overresponse of gross primary productivity (GPP) to precipitation from ten terrestrial ecosystem models. However, the ability of terrestrial ecosystem models to simulate the response of NPP to drought remains relatively unknown on a global scale and needs additional analyses. Besides, a recent study highlighted that the drought sensitivity of ecosystem productivity peaked in semiarid regions across southeastern Australia based on the satellite-derived vegetation index (Ma et al., 2015) . This is of great interest, because semiarid regions cover approximately 40% of the global land areas. But it is not known that whether the regional results can be extrapolated to the global scale and whether terrestrial ecosystem model can reproduce the high drought sensitivity of semiarid regions. Recently, long-term satellite-based NPP products have become available, such as satellite-derived NPP (Smith et al., 2016) , and they have enabled evaluations of the regional and global impacts of drought over the past three decades. For instance, Liu et al. (2017) used this satellite NPP product to evaluate the seasonal responses of terrestrial NPP to climate variation in the Coupled Model Intercomparison Project phase 5 (CMIP5) models.
In this study, we derived NPP from satellite models and simulated NPP using eight dynamic global vegetation models (DGVMs). We used the historical Standardized Precipitation Evapotranspiration Index (SPEI) and self-calibrating Palmer Drought Severity Index (scPDSI) to characterize drought stress. We aimed to address the following questions: (1) Are there any substantial discrepancies in the drought response between DGVM-derived NPP and satellite-derived NPP? If there is a large difference, what is the underlying mechanism? (2) Whether semi-arid regions are most sensitive to drought on a global scale?
Materials and Methods

Satellite Models
All data used in this study span the period from 1982 to 2011. Global monthly satellite-derived NPP data with 0.5°spatial resolution were obtained from Smith et al. (2016) . This satellite NPP data were calculated using the Moderate Resolution Imaging Spectroradiometer (MODIS) NPP algorithm based on the third-generation Global Inventory Modeling and Mapping Studies Fraction of Absorbed Photosynthetically Active Radiation (FAPAR), Global Inventory Modeling and Mapping Studies-derived Leaf Area Index (LAI) data (http://sites. bu.edu/cliveg/; Zhu et al., 2013) , and climate data (National Centers for Environmental Prediction (NCEP)-Department of Energy Reanalysis; http://www.esrl.noaa.gov). The MODIS NPP algorithm, FAPAR, and LAI data sets have been extensively evaluated against a large amount of observational data, and they are capable of realistically monitoring vegetation production across different biome types globally (Running et al., 2004; Zhu et al., 2013) .
Additionally, the biweekly third-generation Normalized Difference Vegetation Index (NDVI3g) data of 1982-2011 with a 0.083°spatial resolution were also used as a proxy of vegetation productivity, which was obtained from the Global Inventory Modeling and Mapping Studies group (https://ecocast.arc.nasa.gov/ data/pub/gimms/3g.v1/; Tucker et al., 2005) . This product has been carefully processed to remove several detrimental effects, including calibration loss, orbit drift, and volcanic eruption. The biweekly GIMSS-NDVI series were composited monthly based on maximum monthly value. They were further aggregated to 0.5°t o match the resolution of satellite NPP using the bilinear interpolation.
Dynamic Global Vegetation Models
The NPP and LAI data sets simulated from the latest version of Trends in net land carbon exchange (TRENDY-V5; http://dgvm.ceh.ac.uk/node/9/) of 1982-2011 were used (Sitch et al., 2015) . The models used in this study are listed in Table S1 (Barman et al., 2014; El-Masri et al., 2013; Lawrence et al., 2011; Oleson et al., 2010; Raddatz et al., 2007; Smith et al., 2001; Stocker et al., 2013; Wang et al., 2010 Wang et al., , 2011 Zeng et al., 2005) . Each model was run with the S2 scenario, which accounts for climate change and rising atmospheric CO 2 concentrations but does not account for land use change. Simulations are forced with climate data from CRU-NCEP v7 (http://dods.extra.cea.fr/data/p529viov/cruncep). CRU-NCEP v7 is a merged product of Climate Research Unit (CRU TS3.24) observation-based monthly 0.5°climate variables (http://www.cru.uea.ac.uk/) and the NCEP reanalysis. All simulations were aggregated into a 0.5°using the bilinear interpolation. The ensemble mean of DGVM outputs consists of results from eight models (Table S1 ). All satellite-derived data sets and DGVM outputs have been widely used to evaluate terrestrial ecosystem production (Jung et al., 2017; Peng et al., 2013) .
Drought Indices 2.3.1. Standardized Precipitation Evapotranspiration Index
The SPEI calculated using monthly precipitation and potential evapotranspiration (PET) was used to characterize drought severity, with low values indicating drier conditions, whereas high values indicating wetter conditions (Beguería et al., 2014; Vicente-Serrano et al., 2010) . The SPEI V2.4 data set with a 0.5°spatial resolution and monthly temporal resolution used in this study was obtained from the digital Institutional Repository of the Spanish National Research Council (http://spei.csic.es/index.html). Monthly precipitation and PET were derived from the CRU TS 3.23. SPEI considers the surface water balance by accounting for differences between precipitation and evapotranspiration at different time scales. In particular, the PET in this version was calculated using the more sophistical Penman-Monteith method. A time scale of three months is commonly used in drought assessment (Huang et al., 2016; Zscheischler et al., 2014) ; thus, the three-month SPEI (hereafter SPEI3) was used in the main results. A six-month SPEI (hereafter SPEI6) was also used to verify the robustness of our results.
Self-Calibrating Palmer Drought Severity Index
To test the robustness of our results, we also used the Self-calibrating Palmer Drought Severity Index (scPDSI), which was calculated using CRU TS 3.25 climate data and could be obtained from the CRU (Schrier et al., 2013) . A lower scPDSI generally implies a drier climate. The PET calculations in this data set used the Penman-Monteith method. This product has a spatial resolution of 0.5°and a monthly temporal resolution.
Aridity Index
The aridity index is defined as the ratio of precipitation to PET. Monthly precipitation and PET with a 0.5°spa-tial resolution were derived from the CRU (Harris et al., 2014) . The classification standard introduced by UNESCO is provided in Table S2 ( UNESCO, 1979) . Because tropical forests have unique climate conditions, we separated these areas from humid regions. The tropical forest classification is based on a MODIS land cover classification (MCD12C1, type3; https://lpdaac.usgs.gov/data_access/data_pool) and the Köppen-Geiger classification (Peel et al., 2007) , following Ahlström et al. (2015) (Figure 1 ). Thus, regionally, the global land areas are divided into six climatic regions: hyperarid, arid, semiarid, subhumid, extratropical humid, and tropical forest.
Vapor Pressure Deficit
Vapor pressure deficit (VPD) measures the difference between the saturated vapor pressure at air temperature and actual air vapor pressure. Thus, the VPD can indicate moisture stress on vegetation growth (Eamus et al., 2013) . The VPD has a 0.5°spatial resolution and was calculated using the maximum temperature, minimum temperature, and vapor pressure derived from the CRU based on the method used by Zhao and Running (2010) .
Statistical Analyses
This study covered global vegetated areas and the study period was 1982-2011 because of the availability of data sets. Regions with sparse vegetation were excluded based on the class of barren or sparsely vegetated in the IGBP land cover classification (MCD12C1, type 1). Monthly drought indices (i.e., three-month SPEI, sixmonth SPEI, and scPDSI) were averaged to characterize the annual drought severity. Monthly NPP was integrated into annual NPP.
To investigate the response of NPP to drought, Pearson correlation coefficients were calculated to quantify the interannual relationship between annual NPP and annual drought severity. The drought sensitivity of NPP was defined as the change in annual NPP per unit change in annual drought severity. This is equivalent to the slope of the linear regression between annual NPP and annual drought severity. Before computing the correlation coefficients and drought sensitivity, time series data are detrended by subtracting the long-term linear trends to avoid spurious correlations resulting from trends or other confounding variables. We further calculated the drought sensitivity of LAI and the sensitivity of NPP to VPD to help understand the drought sensitivity of NPP. Furthermore, to investigate the driving force of drought trends for the annual NPP trends during 1982-2011, we also calculated the linear regression between NPP trends and annual drought severity trends. The trend of NPP or annual drought severity was the slope of the linear regression between annual NPP or annual drought severity and time. Using a similar method, we also used the FAPAR and NDVI as proxies of vegetation productivity (NPP) to test the robustness of our results.
Results
Changes in NPP From 1982 to 2011
Globally, the multiyear averaged terrestrial NPP estimated from satellite models (NPP S ) and DGVM ensemble mean (NPP M ) from 1982 to 2011 are 50.4 ± 2.9 and 51.4 ± 5.9 PgC/year, respectively. Similar spatial patterns of multiyear average NPP S and NPP M were also observed ( Figure S1 ). Spatially, the NPP S and NPP M increased over 73.7 and 83.2% of the vegetated land areas, respectively, during 1982-2011 ( Figure 2 ). The regions with the increasing trends, consistent across the two data sets, are in the eastern North America, Europe, North Asia, and southern China. Consistent decreasing trends of NPP are found in the northern China and southern Australia. However, the NPP trends diverge between the NPP S and NPP M in the northern South America, and Southeast Asia. In addition, the NPP M shows larger increasing trends than the NPP S over most vegetated land areas. Globally, the NPP S increased by 1.5 ± 0.9 PgC/year (2.8 ± 1.6%), while the NPP M significantly increased at a threefold rate of 4.9 ± 1.7 PgC/year (9.6 ± 2.5%) from 1982 to 2011. Both the NPP S and NPP M show the maximum increases in tropical forests at 0.9 ± 0.4 PgC/year (3.7 ± 1.7%) and 2.6 ± 1 PgC/year (8.9 ± 2.5%), respectively. Additionally, during this period, both the NPP S and NPP M decrease in arid regions by 0.03 ± 0.9 PgC/year (3 ± 0.8%) and 0.1 ± 0.9 PgC/year (12 ± 8%), respectively.
Changes in Annual Drought Severity From 1982 to 2011
Globally, 38.7% of the vegetated land areas have experienced decreasing annual SPEI3 for 1982-2011, and 4.4% of the vegetated land areas were statistically significant at the 0.05 level (Figure 3 ). Prominent decreasing SPEI3 trends (i.e., more dry) occurred over the southern North America, southern South America, and China. In contrast, increasing trends in SPEI3 (i.e., less dry) were observed over the Northeast Asia, Southeast Asia, the Amazon basin, and Africa. Similar spatial patterns in the scPDSI trends were also observed 
Spatial Relationship Between NPP and Drought
From 1982 to 2011, the SPEI3 was positively and significantly correlated with the global NPP M (R = 0.66, p < 0.01) but not with the global NPP S (R = 0.28, p = 0.13; Figure 4a ). Additionally, the NPP M has a positive apparent sensitivity to the SPEI3 (11.4 ± 6.1 PgC/year or 21.2 ± 8.3% per year), which is approximately 2.5 times larger than the corresponding drought sensitivity of the NPP S (4.5 ± 2 PgC/year or 8.6 ± 3.8% per year). Regionally, in arid, semiarid, and subhumid regions, both the NPP M and NPP S are significantly and positively correlated with the SPEI3 (p < 0.05), although the drought sensitivities of the NPP M are larger than those of the NPP S . In tropical forests and extratropical humid regions, the NPP M also shows significant sensitivity to the SPEI3 over the past three decades, whereas the NPP S does not (Figures 4b and S3) .
Globally, the signs of the correlation coefficients are consistent across most vegetated land areas except for certain tropical forests (Figures 5a and 5b) . The NPP S is significantly and positively correlated with the SPEI3 in 31.6% of vegetated land areas (p < 0.05), particularly in arid and semiarid regions. However, the NPP M is significantly and positively correlated with the SPEI3 in 71.0% of vegetated land areas (p < 0.05). In over 95.2% of the vegetated land areas, the correlation coefficients between the NPP M and SPEI3 are higher than that between the NPP S and SPEI3 (Figure 5c ). In the five climatic regions, the NPP S and NPP M values indicate that the NPP in drier areas is more tightly linked to drought conditions (Figure 5d ). For example, the NPP S (NPP M ) in 72.3% (92.2%) of the arid vegetated regions is significantly and positively correlated with the SPEI3. However, the NPP S (NPP M ) in only 10.7% (52.2%) of the extratropical humid vegetated regions is significantly and positively correlated with the SPEI3.
The signs of drought sensitivity in the NPP S and NPP M are consistent across approximately 62.2% of the vegetated land areas (Figures 6a and 6b) . However, the NPP M has stronger drought sensitivity than the NPP S over 86.4% of vegetated land areas, especially in semiarid regions, such as eastern Australia, southern North America, central Eurasia, and Argentina (Figure 6c Interestingly, we found that the NPP M and NPP S in semiarid regions show the largest sensitivity to SPEI3 variations (Figures 6a and 6b ). To further explore the changes in the drought sensitivity of NPP across climatic aridity gradients, we averaged the drought sensitivity at grid level by bins of the aridity index (each interval size of 0.1). An obviously unimodal distribution emerged, and it showed that the NPP drought sensitivity peaked in the semiarid regions (0.2 < AI < 0.5; Figure 7 ), which suggests that the changes in the sensitivity of NPP to the SPEI3 across the climatic aridity gradient are consistent between the NPP S and NPP M . In addition, the increasing rate of NPP drought sensitivity in arid regions to the peak values at semiarid regions is approximately 5 to 7 times larger than the decline in NPP sensitivity from semiarid to humid regions. This finding also illustrates the rapidly shifting rates of the NPP drought sensitivity across the climatic aridity gradient.
Spatial Correlation Between NPP Trends and Drought Trends
The significant and positive correlation between the NPP and SPEI3 trends (p < 0.01) suggests that stronger (weaker) annual drought severity could decrease (increase) the annual NPP (Figure 8 ). This consistent relationship for both the NPP S and NPP M indicates that the annual drought severity is an important driver of NPP change. However, the slope of the linear regression between the NPP M trends and SPEI3 trends (54.1 gC m À2 yr À2 or 18.6% yr
À2
) is approximately 9 times higher than that between the NPP S trends and SPEI3 trends (5.8 gC m À2 ·yr À2 or 2.7% yr
; Figure 8 ). Additionally, we found that a significantly linear relationship between the NPP trends and SPEI3 trends occurred across all regions. It is notable that the slope of NPP trends to SPEI3 trends is also largest in the semiarid regions and presents values of 15.5 gC m À2 yr
(NPP S ) and 70.1 gC m À2 yr À2 (NPP M ; Figures S4 and S5) . However, for all climatic regions, the slopes between Further, to test the robustness of results, we also used the NDVI and FAPAR as the proxy of vegetation productivity, used the scPDSI and six-month SPEI instead of the SPEI3, and used additional two bin widths of aridity values (0.05 and 0.025), resulting similar results ( Figures S6-S15 ). 
Response of NPP to Drought Over Different Climatic Regions
Our results show that the sign of the response of NPP S and NPP M to SPEI3 is positive over most vegetated land areas during 1982-2011. In particular, the NPP M and NPP S are significantly coupled with the SPEI3 in arid, semiarid, and subhumid regions because water availability is the limiting factor for vegetation growth in these regions (Beer et al., 2010; Liu et al., 2018; Nemani et al., 2003) . Both the NPP S and NPP M are less correlated with drought in most cold humid regions, which may be attributed to a more important role of temperature in explaining NPP variability Huang et al., 2016) .
Moreover, we found that the drought sensitivity of NPP is highest in semiarid regions in both the DGVMs and satellite models but relatively lower in arid and humid regions. Cleveland et al. (2015) found that semiarid ecosystems in Australia are the most sensitive to drought variations based on the satellite-derived enhanced vegetation index. This could be linked with that the abnormally high precipitation in 2011 enhanced semiarid vegetation growth in the Southern Hemisphere and contributed to more than 60% of the global carbon uptake in 2011 (Poulter et al., 2014) . This peak NPP drought sensitivity in semiarid regions also adds to the argument that semiarid vegetation plays a significant role in the regulation of the global carbon cycle Poulter et al., 2014) . By contrast, in arid regions, the drought response of NPP may be constrained by low plant density, leaf area, and highly adapted strategies to water deficits (Chaves et al., 2003; Knapp & Smith, 2001) . In humid regions, vegetation is less affected by drought due to higher soil water storage and large and frequent precipitation events (Vicente-Serrano et al., 2013) . Under the Representative Concentration Pathway 8.5 scenario, the area of semiarid regions is projected to expand to 20.3% of the global land surface by 2100 (Huang et al., 2017) . Consequently, larger areas are expected to become more sensitive to drought in the future, which could increase the vulnerability of the terrestrial carbon cycle to drought in a warming world. In addition, the rising atmospheric CO 2 (CO 2 fertilization) is well known to have positive effects on vegetation growth Sitch et al., 2008) , while the drought events lasting several months are expected to have the negative effects. On the annual time step, our results indicate that decreasing annual drought severity (i.e., less dry) is significantly correlated with the increasing NPP S or NPP M trends during 1982-2011. This finding highlights the strong link between annual water availability and NPP trends and implies that annual drought severity is a key driver of increasing NPP trends, which is consistent with a recent study (Murray-Tortarolo et al., 2016) .
Discrepancies in the Response of the NPP to Drought Between Satellite Models and DGVMs
Despite the consistent drought response signs of the NPP S and NPP M across a large proportion of vegetated land areas, we found that the NPP M is generally more sensitive to drought than NPP S (Figures 4-8) , which is 
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Journal of Geophysical Research: Biogeosciences consistent with the result of a recent study in which drought was shown to cause an approximately 6 times larger reduction of CMIP5 model-derived GPP compared with observation-based GPP globally (Huang et al., 2016) . Liu et al. (2017) found that CMIP5 NPP is oversensitive to seasonal precipitation variations relative to satellite NPP. Piao et al. (2013) also found that GPP from models is more sensitive to precipitation than data-oriented GPP across biomes and globally. Substituting the SPEI with precipitation, we also found that the NPP M has a positive apparent sensitivity to precipitation (p < 0.05) while the NPP S presents an insignificant sensitivity to precipitation (p > 0.05) following the method outlined in Piao et al. (2013) .
Considering the mechanisms related to the drought response of the NPP in the light-use efficiency model used to derive the NPP S , the following two important mechanisms may directly determine the drought sensitivity of NPP S : the sensitivity of the LAI to drought and the sensitivity of NPP to the VPD (Zhao & Running, 2010) . We then investigated the drought sensitivity of the LAI between satellites and models and the sensitivity of NPP to VPD as observed with the NPP S and derived by DGVMs to explain the higher drought sensitivity of the NPP M than the NPP S . Indeed, higher drought sensitivities of the LAI M are observed across five climatic regions (Figures 9a and S16c). Both NPP S and NPP M are regulated by LAI through the amount of leaf carry out photosynthesis. The larger drought sensitivity of LAI M partly explains the discrepancies between the drought sensitivity of NPP S and NPP M . The analysis of LAI-drought relationship provides complementary evidence to our results based on NPP, since satellite-derived LAI does not rely on the light-use efficiency model used in NPP S . This finding is consistent with a recent global analysis, which also shows a similar oversensitivity to drought in the CMIP5-derived LAI compared with the satellite-derived LAI (Huang et al., 2016) . The oversensitivity may be improved through validating the parametrization that affect LAI (including leaf carbon allocation and turnover under drought). DGVMs may need to constrain the reduction of LAI under water stress. Similarly, the NPP M is more sensitive to the VPD (Figures 9b and S16f), thus indicating that an equivalent increase in the VPD will produce a greater decrease in NPP M than NPP S . The VPD is used in both the DGVMs and satellite retrievals to constrain NPP under water stress (De Kauwe et al., 2013; Zhao & Running, 2010) . The VPD is a critical parameter for modeling stomatal conductance in many DGVMs (Cowan & Farquhar, 1977; De Kauwe et al., 2013) and significantly affects gas, water, and carbon exchange (Novick et al., 2016) . The higher NPP drought sensitivities in the DGVMs than in satellite products can be attributed to the different sensitivities of the NPP or stomatal conductance to the VPD in the DGVMs and satellites products.
Perspectives on the NPP Response to Drought in Models
We attempted to derive the sensitivity of NPP to drought via satellite models and DGVMs; however, our study presented some uncertainties. Satellite FAPAR and LAI, which were used as the input data for the NPP S , may be affected by cloud and aerosol contamination in tropical forests (Hilker et al., 2014; Zhou et al., 2014) , and less reliable climate observations were available in tropic regions for use as input data for the model. The simulated plant physiological responses present large uncertainties in DGVMs in tropical forests (Huntingford et al., 2013) . A recent study in tropical forests reported that NPP estimates from plot-based 
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Journal of Geophysical Research: Biogeosciences measurements, satellites, and terrestrial ecosystem models presented considerable temporal and spatial variations (Cleveland et al., 2015) . In addition, Powell et al. (2013) found that five current models could not accurately simulate the response of ecosystem to drought in the Amazon. Therefore, the response of NPP to drought in tropical forests requires further ground studies. The effects of landscape changes are not considered and could bring biases to some locations in our analysis. Note that since FAPAR and NDVI are transformations of the same input data, although nonlinearities might arise, they could not be treated as separate strictly. It should also be noted that DGVMs and the MODIS algorithm do not share common meteorological drivers and that this difference may have the potential to bring biases to the analysis.
Additionally, uncertainties were observed in the characterization of the NPP responses to water stress in both the satellite models and DGVMs. Satellite NPP relies heavily on vegetation indices, such as NDVI and FAPAR, to monitor vegetation state; however, the highly heterogeneous dryland ecosystem may show low spectral sensitivity to drought, which could underestimate the drought sensitivity of satellite NPP in drylands (Biederman et al., 2017; Smith et al., 2018) . Moreover, although atmospheric moisture demand greatly impacts ecosystem carbon and water fluxes (Novick et al., 2016) , soil moisture stress can also represent environmental water stress because soil moisture is the direct pool of water to support vegetation growth. However, the MODIS algorithm only considers the VPD effects and does not consider the soil moisture stress, which could affect the estimation of the drought sensitivity of NPP (Zhao & Running, 2010) . Efforts are needed to incorporate the effects of soil moisture into satellite models. The DGVMs consider the constraints of soil moisture stress and VPD stress on NPP, which benefited the simulated response of NPP to drought. Yet DGVMs may present inconsistencies in the limiting role of soil moisture and VPD on stomatal conductance and its relationship with the assimilation rate and water use efficiency, which can affect vegetation photosynthesis (Egea et al., 2011) . For instance, most models, such as CABLE, CLM4, ISAM, LPJ-GUESS, O-CN, SDVGM, and TECO, used different version of the stomatal conductance model of Ball, Berry, and Leuning (De Kauwe et al., 2013) . Modelers should consider validating the model formulations against in situ observations, especially the sensitivity of stomatal conductance to VPD. Moreover, terrestrial ecosystem models are also highly sensitive to the parameterization of plant root characteristics, such as the rooting depth and rooting distribution. A lack of knowledge of rooting characteristics limits our ability to simulate vegetation dynamics under water stress in models (Feddes et al., 2001; Kleidon & Heimann, 1998) . Previous studies have reported that the limited legacy or lagged effects of drought on terrestrial ecosystem production could be simulated by current models (Anderegg et al., 2015) . The CO 2 fertilization effects are not thoroughly considered in the MODIS algorithm, which could cause higher drought sensitivity of satellite-derived NPP (De Kauwe et al., 2016) . These uncertainties should be further investigated to decrease the model biases in simulated drought impacts on terrestrial ecosystems. It is also useful to compare the drought sensitivity of NPP from satellite models or DGVMs with that measured on sites. On the site scale, the measured NPP is generally dominated by one plant functional type. But several different plant functional types are aggregated to one grid cell in the NPP S or NPP M , and the area of one grid cell (0.5°) is much larger than the site area. Thus, it is suggested to conduct model simulations or apply the satellite model on the site scale in further study. Especially, the model simulations should follow the standardized initialization and drought simulation protocol (Powell et al., 2013; Wu et al., 2018) . In addition, the time duration of most available sites is not long enough to detect the impacts of some extreme drought events (e.g., a drought event occurs once in 30 years) on NPP. We still need long-term observations to benchmark the drought sensitivity of NPP.
Conclusions
In summary, we investigated regional and global NPP drought response derived from satellites and eight DGVMs for the period 1982-2011.Our results indicate that the sign of NPP's response to drought is consistent across satellite-derived NPP and DGVM-derived NPP over most vegetated land areas. Moreover, both the drought sensitivity of satellite-derived NPP and DGVM-derived NPP show a unimodal distribution across climatic gradients, with peak drought sensitivity observed in semiarid regions. It states that NPP in semiarid regions is most sensitive to drought variations and it could be related to the moderate plant density and lowly adapted strategies to water deficits in semiarid regions. In addition, stronger (weaker) annual drought severity could decrease (increase) the annual satellite-derived NPP or DGVM-derived NPP globally during 1982-2011. However, the DGVM-derived NPP is more sensitive to drought than the satellite-derived NPP,
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Journal of Geophysical Research: Biogeosciences which could be caused by the higher drought sensitivity of the simulated LAI and the overresponse of the DGVM-derived NPP to VPD. Therefore, combining long-term in situ observations, manipulative ecosystem experiments, satellite observations, and models is encouraged to provide insights on the mechanisms that explain the discrepancies in the drought response of NPP between satellite models and DGVMs.
